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Abstract

Background: Lung cancer is a highly heterogeneous malignant tumor with high in-
cidence and mortality. Recently, increasing evidence has demonstrated that N6-
methyladenosine (m6A) methylation and the tumor microenvironment (TME) play
important roles in the occurrence and development of lung adenocarcinoma (LUAD).
Methods: In this study, we constructed a novel and reliable algorithm based on m6A-
related immune IncRNAs (mrilncRNAS), consisting of molecular subtypes and a prog-
nostic signature.

Results: According to the analyses of molecular subtypes, patients in cluster 1 were
in a more advanced stage, showed poor prognosis, were sensitive to immunotherapy
(anti-programmed cell death 1 Ligand 1 (PD-L1) and anti-lymphocyte activating 3
(LAG-3)), and had a highest tumor mutational burden (TMB), while anti-cytotoxic T-
lymphocyte-associated protein 4 (CTLA-4) therapy seemed to be a good choice for
patients in cluster 3. Subsequently, the results of the risk assessment model indicated
that the low-risk patients exhibited a survival advantage, had an earlier stage, and
showed a higher response to common anti-cancer drugs, including chemotherapy
(Docetaxel, Paclitaxel), molecular targeted therapy (Erlotinib), and immunotherapy
(anti-CTLA-4 therapy), while Gefitinib could be a good choice for patients with high-
risk scores.

Conclusion: In conclusion, the constructed algorithm exhibits promising practical
prospects, and allows the selection of suitable and sensitive anti-cancer drugs, which
could provide theoretical support to predict the survival outcomes of patients with
LUAD.
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1 | INTRODUCTION

Lung cancer is a highly heterogeneous malignant tumor with high
incidence and mortality.! As the second-leading cause of cancer-
related deaths in both men and women, lung cancer is projected by
the American Cancer Society tokill 117,910 men and 118,830 women
in the United States in 2022.2 According to the National Central
Cancer Registry of China, lung cancer was the most common ma-
lignancy in 2015 and the number one cause of cancer-related death
in both men and women.® The most common classification of lung
cancer is nonsmall cell lung cancer (NSCLC), accounting for about
85% of lung cancer cases, of which more than 60% of the patholog-
ical types are lung adenocarcinoma (LUAD).* In recent years, there
have been continuous breakthroughs in standard treatment strate-
gies for lung cancer, such as chemotherapy, radiotherapy, molecular
targeted therapy, immunotherapy, and traditional Chinese medicine,
with surgery remaining the first choice for early-stage lung cancer
treatment.”> However, the 5-year survival rate for patients with ad-
vanced NSCLC with distant metastasis is only 7%.8 Therefore, faced
with such a severe situation, for patients with advanced lung cancer,
selecting sensitive anti-tumor drugs and providing targeted treat-
ment are very significant.

As a common reversible RNA internal modification, N6-
methyladenosine (m6A) methylation is closely associated with NSCLC
initiation and progression.” m6A methylation is closely associated
with fundamental cellular functions, including 3"-end and microRNA
(miRNA) processing, pre-mRNA splicing, and translation regulation.8
Chen et al. introduced the mechanism of mé6A methylation in detail
and provided a list of mé6A-related genes, which were utilized in this
study.” Wang et al. recommended that targeting methyltransferase
14, N6-adenosine-methyltransferase subunit (METTL14), an mRNA
methylase, could be a promising therapy to hinder the progression
of malignancies.10 Ma et al. proposed that the occurrence and devel-
opment of LUAD was closely associated with the regulation of méA
methylation.’* In recent years, research on m6A methylation-related
genes has become a research hotspot.*?>'® However, long noncod-
ing RNAs (IncRNAs), comprising noncoding RNAs with transcripts
of >200 nucleotides, related to mé6A methylation have not received
sufficient attention. Therefore, we wonder whether méA-related im-
mune IncRNAs (mrilncRNAs) are related to the occurrence and devel-
opment of lung cancer, and whether they can be utilized as biomarkers
for predicting the prognosis of LUAD and selecting anti-tumor drugs.

The tumor microenvironment (TME) plays an important regula-
tory role in the occurrence and progression of NSCLC.** Interaction
among its internal components allow the TME to influence tumor
growth and drug delivery in a highly complex manner.'® Furthermore,
an immunosuppressive TME could substantially reduce treatment
response and overall survival (OS) of patients with malignant tu-
mors.}® To date, studies have reported bioinformatic analyses of
immune-related genes and IncRNAs”18: however, such analysis of
mrilncRNAs in patients with LUAD is lacking. Therefore, we specu-
late that mrilncRNAs may be involved in the progression of LUAD by
regulating TME in patients with LUAD.

In this study, we constructed a novel and reliable algorithm based
on mrilncRNAs combining molecular subtypes and a prognostic sig-
nature, which could provide theoretical support to predict the sur-
vival outcomes of patients with LUAD and allows the selection of
suitable and sensitive anti-cancer drugs. Furthermore, the algorithm
classified the patients with LUAD twice, representing a step closer

to personalized treatment.

2 | MATERIALS AND METHODS

2.1 | Data acquisition
We downloaded the transcriptome data and clinical data of patients
with LUAD from The Cancer Genome Atlas (TCGA, https://portal.
gdc.cancer.gov/),19 and distinguished between mRNAs and IncRNAs
using gene transfer format (GTF) files from Ensembl (http://asia.
ensembl.org).?’ Then, lists of immune-related genes were obtained
from The Immunology Database and Analysis Portal (ImmPort,
https://www.immport.org/).??  Subsequently,  immune-related
IncRNAs (correlation [|cor|]>0.6 and p<0.001) and méA-related
IncRNAs (|cor|>0.4 and p<0.001) were identified using Spearman
correlation analysis by R-x64-4.0.4 limma package between mRNAs
and IncRNAs. Next, the mrilncRNAs were screened by taking the
intersection méA-related and immunity-related IncRNAs, and the
results were visualized using a Venn diagram. Furthermore, univari-
ate Cox analysis by R-x64-4.0.4 survival package was conducted to
screen the mrilncRNAs related to the survival of patients of LUAD
for subsequent analyses.

The 16 mrilncRNAs included in the modeling process were visu-
alized using a network diagram and a forest map, in which the net-

work diagram was generated using Cytoscape version 3.8.2.22

2.2 | Cluster analyses of mrilncRNAs

Consensusclusteranalyseswere conductedtodividethepatientswith
LUAD into different clusters by running the ConsensusClusterPlus
package.23 A survival curve was generated to exhibit the overall sur-
vival of patients with LUAD from different molecular subtypes by
R-x64-4.0.4 survival, survminer packages. Subsequently, the clinical
heatmap not only showed the expression of mrilncRNAs related to
prognosis, but also revealed the potential relationships between the
molecular subtypes and common clinicopathological characteristics
(e.g., N, M, T, stage, sex, and Age) by conducting a series of Wilcoxon
rank-sum tests. Wilcoxon rank-sum tests were conducted to explore
the mRNA expression levels of common immune checkpoint inhibi-
tors (ICls) (e.g., programmed cell death 1 Ligand 1 (PD-L1), lympho-
cyte activating 3 (LAG-3), and cytotoxic T-lymphocyte-associated
protein 4 (CTLA-4)) in patients with LUAD between different mo-
lecular subtypes by R-x64-4.0.4 limma, ggplot2, ggpubr packages,
which were labeled as: ***<0.001, **<0.01, and *<0.05. To explore
the TEM of the different molecular subtypes, the StromalScore,
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ImmuneScore, and ESTIMATEScore (StromalScore + ImmuneScore)
were calculated by running the R-x64-4.0.4 estimate package, the
statistically differences of which between different molecular sub-
types were explored using Wilcoxon rank-sum tests. Furthermore,
the TMB is the total number of mutations in million bases in a tumor.
Thus, Wilcoxon rank-sum tests were performed to explore whether
the TMB of patients with LUAD between different molecular sub-

types was statistically significantly different.

2.3 | Construction of a prognostic signature based
on mrilncRNAs

The patients with LUAD were randomized into two groups evenly,
the training group and the test group. The data from patients in the
training group were subjected to least absolute shrinkage and se-
lection operator (LASSO) regression and multivariate Cox regression
analyses (Table 1), successively, and the risk scores of patients with

LUAD were calculated based on the following formula:

16
Risk score = Z Coef (i) x E(i),
i=1

In the formula, Coef (i) and E(i) represent the regression coeffi-
cients and the expression of the 16 mrilncRNAs included in multivar-
iate Cox regression, respectively. Based on the median risk scores,
patients with LUAD in training group were divided into high- and low-
risk groups. According to the formula and the cut-off point derived
from the training group, the patients in the test group were classified
into different risk groups. Furthermore, a Sankey diagram was gen-
erated by R-x64-4.0.4 ggalluvial package as a good representation

TABLE 1 The regression coefficients of mrilnRNAs included in
the multivariate Cox regression

ID Coef

AC026462.3 0.0787201295515719
SALRNA1 -0.0156143768702813
AP001178.1 0.000204311904485358
AC004704.1 0.0185730743535504
AC010999.2 -0.690318746272766
AC073316.3 -0.270359798410301
AC009226.1 0.713638807528353
AL031667.3 0.0669255404198781
AC008957.1 -0.188902832545078
AC007613.1 -0.972775984122169
AC005884.1 -0.151433935466164
LINC02587 0.0151465469498612
AC016747.2 -0.0491510127311617
AC026355.2 -0.0912193157895403
AC018529.1 -0.443311743610806
AL137003.1 -0.082228989521466
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of the relationship between the molecular subtypes and the prog-
nostic signature. To validate the predictive capability of the risk as-
sessment model, two 1-year receiver operating characteristic (ROC)
curves were plotted by running timeROC package and correspond-
ing areas under the ROC curve (AUC) values were calculated. Then,
two survival curves were generated to explore the survival outcomes
of the patients with LUAD, and four scatter plots were plotted to
further reveal the potential relationship between the risk score and
patient survival. To investigate whether the risk assessment model
could act as a reliable independent prognostic indicator for patients
with LUAD, univariate and multivariate Cox regression analyses were
conducted for validation, and four forest maps were generated for
visualization. The clinical heatmap and a series of box-plots exhib-
ited the relationship between the risk groups, molecular subtypes,
and the common clinicopathological characteristics (e.g., N, M, T,
stage, sex, age, and ImmuneScore), which were labeled as: ***<0.001,
**<0.01, and *<0.05. Subsequently, Wilcoxon rank-sum tests were
employed to explore whether there were statistical differences in
the expression levels of common ICls between the different risk
groups. In addition, Immunophenoscores (IPS) representing the ef-
ficacy of anti-PD-1/CTLA-4 immunotherapy were downloaded from
The Cancer Immunome Atlas (TCIA, https://tcia.at/) database.?*
Next, the median inhibitory concentration (IC50) of common anti-
tumor drugs (e.g., Docetaxel, Paclitaxel, Gefitinib, and Erlotinib) were
calculated by running the R-x64-4.0.4 pRRophetic package.?’ Thus,
ideal anti-tumor drugs could be identified using Wilcoxon rank-sum
tests to treat patients from different risk groups. To investigate the
survival outcomes of patients with LUAD from different molecular
subtypes and risk groups, we generated a survival curve for visual-
ization. Furthermore, to exhibit the 1, 3, and 5-year survival rates
of patients intuitively, we plotted a nomogram and two correlation

curves using the R-x64-4.0.4 rms package for visualization.

3 | RESULTS

3.1 | Identification of mrilncRNAs

The flowchart for the construction of the novel algorithm is shown
in Figure 1. The transcriptome data and corresponding clinical in-
formation of 551 tissues (54 normal tissues and 497 LUAD tissues)
were downloaded from the TCGA database. A total of 23 méA
methylation-related genes, 2483 immune-related genes, and 14,087
IncRNAs were obtained. Subsequently, 1985 m6éA methylation-
related IncRNAs, and 1952 immune-related IncRNAs were identi-
fied by Spearman correlation analyses. Then, 1619 mrilncRNAs were
identified by taking the intersection of the mé6A methylation-related
IncRNAs and immune-related IncRNAs. Ultimately, 94 mirincRNAs
related to prognosis were filtered by performing univariate Cox anal-
ysis (Figure 2A), of which 16 were selected for subsequent multivari-
ate Cox analysis in the modeling process (Figure 2B, C). A heatmap
was used to exhibit the expression levels of the 94 mirlncRNAs re-
lated to prognosis in normal and LUAD tissues (Figure 2D).
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FIGURE 1 Flowchart for the
construction of the novel algorithm
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3.2 | The molecular subtypes based on
mirlncRNAs are reliable biomarkers for selecting
suitable immunotherapy

The 94 mirlncRNAs related to prognosis were subjected to consen-
sus cluster analyses, generating 9 consensus matrices. When the k
value was set to 3, the constructed molecular subtypes exhibited
the best results (Figure 3A-C). Therefore, patients with LUAD were
divided into three molecular subtypes based on the expression lev-
els of the 94 mirlncRNAs. The survival curve suggested that patients
in cluster 3 exhibited the best survival advantages, followed by pa-
tients in cluster 2, while the patients in cluster 1 had the worst sur-
vival (Figure 3D). The clinical heatmap showed the expression levels
of the 94 mirlIncRNAs of LUAD tissues, and revealed that the molec-
ular subtypes were closely associated with the Stage (Figure 4A), in
which more patients with advanced Stage disease were in cluster 1.
According to the expression analyses of ICls, anti-PD-L1 (Figure 4B),
and anti-LAG-3 (Figure 4D) therapies could be good treatment strat-
egies for patients in cluster 1, while anti-CTLA 4 therapy (Figure 4C)
could be a good choice for patients in cluster 3. According to the
TME, the patients with LUAD in cluster 2 tended to have a rela-
tive higher StromalScore (Figure 4E), ImmuneScore (Figure 4F),
and ESTIMATEScore (Figure 4G), indicating that they had a relative
higher abundance of stromal cells and immune cells. The TMB, as
a biomarker, can effectively predict patients' response to immuno-
therapy. The TMB of patients in cluster 1 was significantly higher
than that of the other two clusters, suggesting that the patients in
cluster 1 could be more sensitive to immunotherapy (Figure 5A). In

conclusion, compared with those in the other two clusters, patients
in cluster 1 could be more suitable for immunotherapy, including
anti-PD-L1 or anti-LAG-3 therapies.

3.3 | Therisk assessment model is a robust tool to
select sensitive anti-cancer drugs

The patients in the training group were included in LASSO regres-
sion followed by multivariate Cox regression (Figure 5B), and 16
mrilncRNAs were selected to construct the prognostic signature.
The Sankey diagram showed that the majority of patients in cluster
1 were high-risk patients, while most of the cluster 3 patients were
patients with low-risk scores, and in cluster 2, high-risk and low-risk
patients were almost equally divided (Figure 5C). The 1-year AUC
values of the training group and test group were 0.800 (Figure 5D),
and 0.715 (Figure 5E), respectively. According to the Kaplan-Meier
survival analyses of the two groups, we concluded that high-risk
patients tended to have relatively worse prognosis (Figure 5F, G).
Furthermore, there were significantly more deaths among high-risk
patients than among low-risk patients (Figure 6A, B). According to
univariate and multivariate Cox regression analyses, we discovered
that two factors, Stage and risk score, could act as independent
prognosticindicators in patients with LUAD (Figure 6C, D). The clini-
cal heatmap (Figure 7A) and a series of box-plots suggested that the
risk score was closely related to N (Figure 7B), T (Figure 7C), Stage
(Figure 7D), ImmuneScore (Figure 7E), and Cluster (Figure 7F), in
which low-risk patients tended to have an earlier stage of N, T, and
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identified by Spearman correlation analyses; 1619 mrilncRNAs were subsequently identified by taking the intersection the two sets of
IncRNAs. (B) Network diagram revealing the relationship between the méA-related IncRNAs, immune-related IncRNAs, and 16 mirlncRNAs
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ter 2 or cluster 3. Expression analysis associated with IPS analyses
indicated that compared with patients with high-risk scores, low-
risk patients had a relative higher expression of CTLA4 (Figure 8A)
and higher IPS scores for anti-CTLA-4 (Figure 8C), while there was
no statistical difference in the IPS of anti-PD-1 between the two
groups (Figure 8B), indicating that low-risk patients were more
sensitive to anti-CTLA-4 therapy. Moreover, low-risk patients
had a relatively higher StromalScore (Figure 8D), ImmuneScore
(Figure 8E), and ESTIMATEScore (Figure 8F), suggesting they had
a higher content of stromal cells and immune cells. According to
the IC50 predicted by the pRRophetic package, we found that the
low-risk patients tended to be sensitive to Docetaxel (Figure 8G),
Paclitaxel (Figure 8H), and Erlotinib (Figure 8J), while patients with
high-risk scores always exhibited a higher response to Gefitinib
(Figure 8l). The survival curve revealed that the OS of patients in
the different groups were statistically significantly different, and
high-risk patients in cluster 1 exhibited the worst survival out-
comes (Figure 8K). The nomogram could rapidly predict the 1, 3,
and 5-year survival rates of patients with LUAD based on a series of
common clinicopathological characteristics (Figure 9A), displaying
an excellent predictive capability for 1-year (Figure 9B) and 3-year
survival rates (Figure 9C).

In recent years, with the development of bioinformatic analyses,
research has established reliable prognostic signatures based on
mMRNAs or IncRNAs to predict the prognosis of patients with various
malignancies.?®?” We were eager to build a new algorithm to predict
the survival outcomes of patients with LUAD and provide valuable
recommendations for the selection of appropriate anti-tumor drugs.

In this study, we constructed a novel algorithm based on mrilncRNAs,
which comprises molecular subtypes and a risk assessment model. We
divided patients with LUAD into three clusters by consensus cluster
analysis based on the expression of 94 mirlncRNAs, which exhibited the
best effects. According to the clinical heatmap, the molecular subtypes
were closely associated with the Stage, in which there were more ad-
vanced stage patients in cluster 1. Furthermore, the patients in cluster
3 exhibited the best survival advantages, followed by patients in cluster
2, while the patients in cluster 1 had the worst. The expression analyses
of ICls indicated that anti PD-L1 and anti-LAG-3 therapies were suitable
for patients in cluster 1, while patients in cluster 3 showed higher re-
sponses to anti-CTLA-4 therapy. Moreover, the TMB of patients in clus-
ter 1 was significantly higher than the other two clusters. In summary,
the patients with cluster 1 had the most advanced Stage, leading to the
worst prognosis. In addition, we found that they had a higher response
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FIGURE 4 Cluster analysis based on 94 mirlncRNAs related to prognosis: Stage and molecular subtypes. (A) The molecular subtypes

are closely associated with the Stage, in which there are more advanced Stage patients in cluster 1. The expression levels of PDL1 (B) and
LAG3 (D) in patients from cluster 1 were relative higher, while the expression of CTLA4 (C) in patients from cluster 3 was relative higher. The
patients with LUAD in cluster 2 always had a relative higher StromalScore (E), ImmuneScore (F), and ESTIMATEScore (G)
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FIGURE 5 Construction of the risk assessment model. (A) The TMB of patients in cluster 1 was significantly higher than that in the other
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and the test group were 0.800 (D), and 0.715 (E), respectively. High-risk patients in the training group (F) and test group (G) tend to have a

relatively worse prognosis
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to anti-PD-L1 and anti-LAG-3 therapies through expression analyses
of ICls, which was confirmed by analysis of the TMB, indicating that
they had a better efficacy of immunotherapy. In conclusion, patients in

cluster 1 showed poor prognosis, and were sensitive to immunother-
apy (anti-PD-L1 and anti-LAG-3 therapies), while anti-CTLA-4 therapy
seemed to be a good choice for patients in cluster 3.
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Then, patients with LUAD were divided into high- and low-risk
groups based on 16 mirlncRNAs after being divided randomly into the
training group and the test group randomly. We found that patients
in cluster 1 had the highest risk score, followed by patients in cluster
2, while the patients in cluster 3 had the lowest. Moreover, low-risk
patients tended to have an earlier stage of N, T, and Stage, a higher
StromalScore and ImmuneScore, and a relatively better survival out-
comes. We discovered that the low-risk patients had a relatively higher
expression of CTLA4, and higher IPS scores of anti CTLA-4, which
indicated that they were sensitive to anti-CTLA-4 therapy. Finally,
we predicted the IC50 of common drugs, revealing that low-risk pa-
tients tended to be sensitive to Docetaxel, Paclitaxel, and Erlotinib,
while patients with high-risk scores exhibited a stronger response to
Gefitinib. In conclusion, the low-risk patients exhibited a survival ad-
vantage, and showed higher responses to common anti-drugs, includ-
ing chemotherapy (Docetaxel, Paclitaxel), molecular targeted therapy
(Erlotinib), and immunotherapy (anti-CTLA-4 therapy), while Gefitinib
could be a good choice for patients with high-risk scores.

Among the 16 mrilncRNAs included in the process of mod-
eling, only a few have been reported to be involved in the occur-
rence and development of multiple malignant tumors. For instance,
AC026462.3,2% AL031667.3,%° and AC026355.2'%3° were included
in the construction of prognostic signatures for various types
of malignancies. However, the remaining IncRNAs: SALRNAI1,
AP001178.1, AC004704.1,AC010999.2, AC073316.3, AC009226.1,
AC008957.1, AC007613.1, ACO05884.1, LINC02587, AC016747.2,
AC018529.1, and AL137003.1, have never been reported to have

potential relationship with malignancies, and thus might provide re-
liable evidence for subsequent oncology studies.

In this study, we reported a novel algorithm based on mriln-
cRNAs, which could provide valuable recommendations to pre-
dict survival outcomes and select suitable and sensitive drugs,
including chemotherapy (Docetaxel, Paclitaxel), targeted therapy
(Gefitinib, Erlotinib), and immunotherapy (PD-L1, CTLA-4, and
LAG-3 therapy). Furthermore, compared with traditional single
risk assessment models or consensus cluster analysis dividing pa-
tients into two risk groups or multiple clusters, the constructed
algorithm based on mrilncRNAs combined both of the above anal-
yses, which enabled us to classify patients with LUAD in more de-
tail, and provided more accurate results. In addition, we divided
the patients with LUAD into a training group and test group in
the process of modeling, which provided internal validation of the
reliability of the prognostic signature.

However, there are limitations associated with our study. First,
given that the LUAD samples were all downloaded from the same
public database, we could not eliminate bias from the profile ana-
lyzed. Second, the algorithm ultimately needs to serve doctors clin-
ically. However, the results presented are limited to bioinformatic
analyses, and further fundamental experiments, including quanti-
tative real-time reverse transcription-polymerase chain reaction
(gRT-PCR) and microarrays, are required to verify its feasibility and
reliability.

In summary, the constructed algorithm exhibited promising prac-
tical prospects, easily predicting survival outcomes and selecting
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sensitive anti-cancer drugs for patients with LUAD merely by de-
tecting the expression of the 16 mrilncRNAs. The algorithm provides
theoretical support for doctors to select appropriate treatment
strategies, which might represent a step toward personalized treat-
ment for LUAD.
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